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Abstract—Large Reasoning Models (LRMs) are integral to
modern AI inference systems, but their long, auto-regressive rea-
soning processes incur substantial KV cache memory overhead
that severely limits throughput and latency, degrading QoS for
concurrent users. We observe that LRMs frequently generate
highly similar intermediate reasoning steps corresponding to
similar KV cache states across layers. Building on this insight,
we propose ReasonCache, a novel KV cache management ap-
proach that uses a Collaborative Filtering Algorithm to efficiently
identify reusable KV cache blocks and enables zero-copy cache
reuse. Experiments demonstrate that ReasonCache achieves a
peak throughput improvement of 89.2% and 40–60% average
gains while maintaining higher accuracy than existing KV cache
management techniques, leading to more responsive and cost-
effective AI inference services.

Index Terms—Large language models, Inference algorithms,
Quality of service

I. INTRODUCTION

Large Reasoning Models (LRMs), such as OpenAI’s o1 [1],
QwQ-32B [2] and DeepSeek-R1 [3], are increasingly power-
ing AI inference systems with sophisticated reasoning capabil-
ities [4]–[6]. To achieve this, LRMs perform extensive reason-
ing including long chain-of-thought (CoT) sequences, multi-
strategy exploration, fine-grained problem decomposition, and
self-verification [7], [8].

Meanwhile, Key-value (KV) caching stores attention states
of preceding tokens to accelerate autoregressive generation,
but incurs significant memory overhead that is particularly
severe in LRMs due to their extensive reasoning. For instance,
QwQ-32B can generate up to 13 redundant solutions for a
trivial query such as “What is 2 + 3?”, yielding a 1,953%
token increase [8]. On AIME 24 [9], it produces 12,406 tokens
per problem on average, requiring roughly 15 GB of GPU
memory per request for the KV cache alone, severely limiting
maximum concurrency.

Modern LLM inference consists of prefill and decoding
stages [10], [11]. The decoding stage is memory-bound due to
KV cache storage, and PagedAttention [12], [13] has become
the dominant approach by partitioning KV cache into fixed-
size blocks, enabling efficient memory management.

Recent advances in KV cache management exploit attention
sparsity [14] to reduce memory overhead, categorized into
eviction [15]–[20], selective loading [21], and merging [22],
[23]. Their core idea is to estimate token importance via
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First, compute each term.
First term: -3*(4) = -12
Second term: -6*2 = -12
Third term: -5
…
Wait, let me verify that 
again because it’s easy to 
make a sign error here.
Let me write it out step by 
step:
First term: -3*(4) = -12
Second term: -6*2 = -12
Third term: -5
…

The point the curve passes 
through at t = 2 is (15, -29).
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Please use four 
integers [12, 13, 2, 8] to 
play the 24 game.

I suspect we need to find 
an expression that equals 
24. Let's check 
possibilities:
…
Maybe (13-12/2)/? Possibly 
13-12/2 = 13-6 = 7, then 7 
+ 8? =15, not 24.
…
Maybe: 8/(12-13/2)? 
Equals 8/(12 - 
6.5)=8/5.5=1.4545, not 24.
…
Maybe: (13-12/2)=13-6=7, 
then 7+8 = 15, not 24.
…
So the expression is: 8 * 
((13+2)-12) = 8*(15-
12)=8*3=24.

Thus, the final answer is (13 + 2) 
- 12) * 8.
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global void 
mat_transpose_diagonal2d_kernel
( float *x, float *y, int row, int col) { 
const int block_y=blockIdx.x; 
const int block_x
=(blockIdx.x+blockIdx.y)%gridDim.x;
const int global_col
=threadIdx.x+blockDim.x*block_x;
const int global_row
=threadIdx.y+blockDim.y*block_y;
if (global_col < col && global_row < row) { 
y[global_row * col + global_col] =
 x[global_col * row + global_row]; 
}
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Okay, let me try to figure out how this CUDA 
kernel works.
…
Here's the step-by-step explanation:
1.Grid and Block Indices ensure blocks are 
mapped to cover both rows and columns 
symmetrically when `row == col`.
…
Here's the step-by-step explanation:
1.Grid and Block Indices ensure blocks are 
mapped to cover both rows and columns 
symmetrically when `row == col`.
…
(Author’s note: Repeating this loop for 90 
times and exhausting all token budgets!) 
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Fig. 1: Examples of redundant thinking patterns in Large
Reasoning Models (LRMs).

attention sparsity and selectively discard, load, or merge
tokens. However, eviction is irreversible, risking permanent
loss of tokens that may become important later; selective
loading fails to reduce memory footprint; and merging can
cause hallucinations due to inaccurate importance prediction.
Critically, all these sparsity-based methods are fundamentally
incompatible with PagedAttention [12], [13]: exploiting atten-
tion sparsity requires dynamic, fine-grained token- or layer-
level operations, which disrupt contiguous block-based mem-
ory management [12], [13] and cause memory fragmentation.

Instead of attention sparsity, we identify a novel oppor-
tunity: LRMs frequently engage in redundant thinking—
generating repetitive reasoning steps with highly similar con-
tent (self-verification, state revisitation, infinite self-loops, see
Figure 1). These similar steps exhibit highly similar KV cache
states across transformer layers, enabling memory reduction
through KV block sharing without accuracy loss.

Two challenges must be overcome. First, reusable blocks
must be identified accurately and efficiently—naive pairwise
comparison is infeasible (O(n2)). Second, reuse must integrate
seamlessly into the decoding process without additional GPU979-8-3195-1703-6/26/$31.00 ©2026 IEEE
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Fig. 2: Redundant thinking across different reasoning models
and datasets.

memory bandwidth overhead.
To address these challenges, we introduce ReasonCache,

a system that efficiently identifies reusable KV cache blocks
using a two-stage, coarse-to-fine filtering approach. To identify
similar blocks, ReasonCache first performs a lightweight, step-
level comparison to prune the search space. It then employs a
fine-grained, block-level similarity check, measuring the Eu-
clidean distance between key and value vectors to accurately
confirm reusability. For seamless integration, ReasonCache
is designed at the block level, aligning with the memory
management schemes of modern serving frameworks like
vLLM [12] and SGLang [13].

To validate ReasonCache, we conduct comprehensive eval-
uations. Results show that ReasonCache achieves an average
throughput improvement of 40–60% over dense attention
while retaining over 98% accuracy, consistently outperforming
existing strategies like StreamingLLM [16], SnapKV [17], and
Quest [21] under comparable KV cache ratios.

We summarize our key contributions as follows: (1) We
show that LRMs frequently generate highly similar interme-
diate reasoning steps (redundant thinking), indicating much
KV cache content is similar. (2) We introduce ReasonCache,
a novel KV cache management method that efficiently identi-
fies and reuses similar KV cache blocks. (3) Comprehensive
evaluations demonstrate up to 89.2% throughput gains while
maintaining model accuracy.

II. MOTIVATION

In this section, we first show that redundant thinking is
common in LRMs, then examine its impact on KV cache
patterns. Our two key observations are as follows:
Observation 1: Redundant thinking in LRMs. LRMs fre-
quently generate repetitive reasoning steps, a phenomenon we
term redundant thinking. Figure 1 illustrates three patterns:
self-verification, state revisitation, and infinite self-loops. To
quantify this, we compute cosine similarity between reasoning
steps using bag-of-words vectors, defining the similarity ratio
as the proportion of steps exceeding 0.8 similarity. Figure 2
shows 15–40% of content is redundant across models and
benchmarks.
Observation 2: Similar KV cache patterns from redundant
thinking. We hypothesize that redundant thinking manifests as
similar KV cache states [23], [24]. Analyzing block-wise Eu-
clidean distances, Figure 3 shows lexically similar tokens (red
stars) have smaller distances (blue regions). Approximately
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Fig. 3: Block-wise Euclidean distance heatmaps for KV cache
(QwQ-32B on MATH 500).
38% of blocks have a lexically similar counterpart with low
Euclidean distance, indicating reuse potential.

These observations motivate reusing similar KV cache
blocks to reduce memory overhead.

III. REASONCACHE

In this section, we introduce ReasonCache, a simple yet
effective method designed to alleviate memory-bound con-
straints of LRM.

As illustrated in Figure 4, ReasonCache integrates two core
components: Collaborative Filtering Algorithm for efficiently
and accurately identifying reusable KV cache blocks and Zero-
Copy KV Sharing mechanism for seamless reuse. The Col-
laborative Filtering Algorithm employs a two-stage process.
It begins with a fast lexical and structural comparison of
reasoning steps to identify potential candidates, followed by a
precise Euclidean distance calculation on their corresponding
KV cache blocks to confirm reusability (Section III-A). To
implement the reuse, the KV sharing mechanism enables zero-
copy sharing by integrating with vLLM’s memory manager. It
uses reference counting to map multiple logical blocks to a
single physical copy, thereby avoiding costly data transfers
(Section III-B). Together, these components enable memory-
efficient decoding without compromising accuracy. We also
provide theoretical justification for our design (Section III-C).

A. Collaborative Filtering Algorithm

The Collaborative Filtering Algorithm asynchronously runs
on the CPU and identifies reusable blocks through a two-stage
process.

1) Stage 1: Step-Level Similarity Filtering: The first stage
performs coarse-grained filtering via lexical and structural
analysis.
Lexical Similarity Pre-filtering: Each reasoning step is con-
verted to a bag-of-words vector from the model’s tokenizer,
and cosine similarity with a length penalty is computed:

sim(Sc, Sk) =
vc · vk

∥vc∥∥vk∥
× min(|Sc|, |Sk|)

max(|Sc|, |Sk|)



x+5=0    

Reasoning 

Steps

…   

x+5=0

ReasonCache

…
Filter by 

AST

Collaborative Filtering Algorithm

x + 5 = 0

x + 5 = 0

x + 5 = 0

Block 0

Logical KV Cache Blocks

Physical

Block

No.

Reference 

Count

0 0

2 3

4 0

Block Table Physical KV Cache Blocks

Block 5

x + 5 = 0

x + 5 = 0

x + 5 = 0 Block 4

Block 3

Block 2

Block 1

Block 0

Block 1

Block 2

Block 3

Block 4

Block 5

Ready

to Share

Zero-Copy KV Sharing

Streaming Result

Divide by 

Step Delimiter

Okay, let’s 

solve it step 

by step. 

…

Reasoning Steps

Collaborative 

Filtering Algorithm

Zero-Copy

KV Sharing

Filtered Blocks

Scheduler

Block Tables

Waiting

Swapped

Running

Queue

Block 

Manager

Allocator

Uncached

Cached Evictor

Scheduler

Output

LLM 

Engine

Evaluator

Collaborative 

Filtering 

Algorithm

…

CPU Only

Worker

Worker

…

Model Executor

GPU Cache

CPU Cache

Cache Engine

Attention 

Backend

Model Runner

llama qwen phi3…

Distributed Processes with GPUs

Streaming

Result

Tokenize & 

Vectorize

Filter by 

Cosine

Similarity

x+5=0    

x+5=0

x-5=0

x-5=0

…   

Filter by 

Euclidean

Distance

=
0+

x 5

x+5=0    

x+5=0

x+5=0

x+5=0    

Input

(a) (b)

Parallel 

Analyze

Zero-Copy

KV Sharing

Fig. 4: System architecture (a) and workflow (b) of ReasonCache. While the LRM performs streaming token generation,
ReasonCache executes Collaborative Filtering and Zero-Copy KV Sharing in parallel, reducing memory consumption and
improving efficiency.

where |S| is the character length of a step. A candidate is
retained if sim(Sc, Sk) > τ , where τ = τstrict − (τstrict −
τsoft) × µHc adaptively adjusts based on historical similarity
scores µHc: when the model is in a repetitive state, τ lowers
to promote more reuse; when exploring novel paths, τ rises
for stricter filtering.
Structural Equivalence Verification: For formal languages
(e.g., code, math), steps that pass the lexical filter are parsed
into Abstract Syntax Trees (ASTs) [25] and compared via Tree
Edit Distance (TED) [26]. A candidate is discarded if TED
> 0, as this indicates structural mismatch. For unstructured
text, this step is bypassed.

2) Stage 2: Block-Level Distance Filtering: Candidates
passing Stage 1 undergo fine-grained Euclidean distance com-
putation on their KV cache blocks, combined with Percentile-
based Adaptive Thresholding (PAT).
Distance Computation: For blocks Bc and Bk, the normalized
cross-layer distance is:

d̄(Bc,Bk) =
1

N

N∑
i=1

∥Ki[Bc]−Ki[Bk]∥2 + ∥Vi[Bc]−Vi[Bk]∥2
2dh

where N is the number of layers, d is block size, and h is
the number of KV heads. To amortize cost, we expand ∥xc −
xk∥2 = ∥xc∥2 + ∥xk∥2 − 2x⊤

c xk, caching squared norms for
reuse so that only dot products need recomputation.
Percentile-based Adaptive Thresholding (PAT): PAT sets
a dynamic threshold based on the p-th percentile of the
observed distance distribution, making it robust across models
without fixed values. During warmup, distances are collected
to establish a baseline; afterwards the p-th percentile serves as
the reuse threshold.
Complexity: The effective time complexity is O(n logn),
where n is sequence length. The two-stage filtering ensures the
candidate set k grows logarithmically with n, and the asyn-
chronous CPU offloading hides overhead from GPU inference.

B. Zero-Copy KV Sharing
As shown in Figure 4, sharing operates at the block level

using PagedAttention’s reference counting: when the evaluator
identifies a reusable block, its reference count is incremented
and the block table is updated, avoiding data copies. A sealed
block is freed only when its reference count reaches zero. This
leverages vLLM’s decoupled CPU-GPU architecture, where
CPU-managed block table updates enable instant reuse without
GPU memory bandwidth overhead.

C. Theoretical Foundation
We provide a bounded analysis showing that KV cache

sharing does not adversely affect accuracy. Let qt be the query
vector at step t, and let kj , vj denote the original key and
value vectors. If kj is replaced by k′j with ∥kj − k′j∥2 < ε,
then by Cauchy-Schwarz the attention score change satisfies
|qtk⊤j − qtk

′
j
⊤| ≤ ∥qt∥2ε. Since softmax is Lipschitz continu-

ous [27], [28], the attention weights are minimally perturbed.
Similarly, replacing vj with v′j where ∥vj − v′j∥2 < δ bounds
the output perturbation by δ. Thus, sufficiently close KV cache
blocks induce negligible changes in model output, justifying
the sharing approach.

IV. EVALUATION

A. Settings
Benchmarks: We evaluate on HumanEval [29] (code), Hot-
potQA [30] and TREC [31] from LongBench [32] (long-
context), AIME [9] and MATH-500 [33] (math), and GPQA
Diamond [34] (science).
Models: We employ DeepSeek-R1-Distill-Qwen-32B, QwQ-
32B, and Phi-4-reasoning-plus.
Baselines: We compare against Dense, StreamingLLM [16],
Quest [21], and SnapKV [17].
Parameters: We use τstrict = 0.9, τsoft = 0.7, and PAT with
p = 80.
Metrics: We report Accuracy, Throughput (tokens/s),
and Average Memory Saving Ratio (AMSR). For shar-
ing/eviction/merging methods, AMSR reflects physical KV



TABLE I: Accuracy and throughput (tokens/s) evaluation. Bold values represent the throughput improvement relative to Dense.

Code Multi-doc QA Summarization Math Science

Model Method HumanEval HotpotQA TREC AIME 2024 AIME 2025 MATH 500 GPQA Diamond Avg
Acc

Avg
throughput

Acc throughput Acc throughput Acc throughput Acc throughput Acc throughput Acc throughput Acc throughput

DeepSeek R1
Distill

Qwen 32B

ReasonCache 0.969 (+62.36%)
246.01 0.36 (+42.18%)

542.43 0.61 (+58.87%)
416.84 0.7 (+72.38%)

123.4 0.5 (+43.1%)
82.34 0.918 (+89.2%)

194.5 0.607 (+56.6%)
176.21 0.665 (+56.33%)

254.53

Random 0.622 (+63.09%)
247.11 0.18 (+40.98%)

537.85 0.28 (+54.89%)
406.40 0.367 (+68.73%)

120.8 0.2 (+42.2%)
81.81 0.6 (+85.9%)

191.2 0.323 (+53.8%)
172.91 0.367 (+54.25%)

251.15
Dense 0.982 151.52 0.375 381.51 0.62 262.38 0.733 71.59 0.533 57.55 0.927 102.82 0.631 112.40 0.686 162.82

QwQ 32B

ReasonCache 0.972 (+72.31%)
193.52 0.41 (+42.34%)

423.23 0.652 (+61.23%)
287.59 0.733 (+78.27%)

85.3 0.633 (+68.9%)
82.3 0.872 (+81.6%)

152.31 0.581 (+59.0%)
125.67 0.693 (+59.29%)

192.85

Random 0.598 (+70.67%)
191.68 0.22 (+41.89%)

421.89 0.333 (+60.89%)
286.98 0.3 (+79.1%)

85.7 0.233 (+72.6%)
84.1 0.588 (+82.7%)

153.23 0.278 (+55.9%)
123.24 0.364 (+58.92%)

192.40
Dense 0.968 112.31 0.45 297.34 0.648 178.37 0.766 47.85 0.633 48.72 0.894 83.85 0.611 79.06 0.71 121.07

Phi 4
reasoning

plus

ReasonCache 0.945 (+51.23%)
338.33 0.4 (+32.45%)

695.88 0.61 (+42.13%)
556.84 0.8 (+45.85%)

245.21 0.633 (+44.7%)
243.21 0.903 (+65.5%)

384.21 0.508 (+39.0%)
243.22 0.686 (+43.3%)

386.7

Random 0.482 (+50.97%)
337.75 0.21 (+33.21%)

699.87 0.315 (+40.89%)
552.08 0.333 (+40.77%)

243.2 0.133 (+42.4%)
239.41 0.492 (+64.2%)

381.23 0.203 (+38.1%)
241.81 0.324 (+42.69%)

385.05
Dense 0.933 223.72 0.43 525.39 0.635 391.85 0.8 172.77 0.677 168.12 0.893 232.14 0.520 175.04 0.698 269.86

cache reduction; for selective loading methods like Quest [21],
it measures the fraction of skipped KV blocks during attention.
Environment: Experiments run on NVIDIA A800 GPUs
(80GB) using vLLM 0.8.2, with 5 independent runs averaged.

B. Main Results

As shown in Table I, ReasonCache delivers 40–60% average
throughput gains across all models and benchmarks with mini-
mal accuracy loss. For instance, Phi-4-reasoning-plus achieves
a 43.3% throughput boost while retaining 98.3% of Dense
Attention accuracy.
Comparison with Other KV Cache Management Meth-
ods: Under comparable AMSR, ReasonCache consistently
outperforms all baselines in accuracy (Table II). SnapKV
shows lower accuracy on math/science tasks as it is optimized
for long prompts rather than long decoding. StreamingLLM
achieves moderate accuracy but loses information outside its
sliding window.

C. Overhead Analysis

We quantify ReasonCache’s system overhead, focusing
on CPU-intensive filtering. Using DeepSeek-R1-Distill-Qwen-
32B on HumanEval, Figure 5a reports per-stage latency.
ReasonCache introduces a modest 13.5 ms per step versus
186.9 ms for token generation. Since ReasonCache operates
asynchronously on CPU, this overhead is completely masked
by GPU inference.

Figure 5b presents CPU/GPU utilization under the same
workload. CPU utilization stays within 35–45%, far from
saturation, while GPU utilization sustains over 95% dur-
ing the initial 30-minute peak, confirming our asynchronous
offloading effectively decouples CPU from GPU inference.
The subsequent GPU utilization drop reflects gradual task
completion.

D. Ablation Study

Algorithm Design: We ablate three configurations: (1) Ours
w/ only Cos (cosine similarity only); (2) Ours w/ Cos+AST
(adding structural verification); and (3) Ours (full pipeline
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Fig. 5: Overhead breakdown per step and system utilization
analysis.

with Euclidean distance). Table III shows our full algorithm
achieves the highest accuracy, though with slightly lower
throughput due to more conservative sharing.
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Fig. 6: Performance comparison of similarity measurement
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Similarity Measurement Methods: Figure 6 compares step-
level similarity algorithms: (1) Tokenizer-based Encoding (our
default bag-of-words), (2) Sentence-BERT [35] (384-dim em-
beddings), and (3) native embedding layer. Tokenizer-based
Encoding with Block-Level Euclidean Distance yields the
highest accuracy because Euclidean distance on KV cache
states [36] inherently captures the model’s semantic structure,
rendering external semantic models redundant and misaligned.



TABLE II: Evaluation of different KV cache management strategies. Average Memory Saving Ratio (AMSR) quantifies the
memory efficiency of a strategy. For each benchmark, the highest and second-highest accuracies are highlighted in bold and
underlined, respectively.

Code Multi-doc QA Summarization Math Science

Model Method HumanEval HotpotQA TREC AIME 2024 AIME 2025 MATH 500 GPQA Diamond Avg
Acc AMSR

Acc AMSR Acc AMSR Acc AMSR Acc AMSR Acc AMSR Acc AMSR Acc AMSR

DeepSeek R1
Distill

Qwen 32B

StreamingLLM 0.884 20.1% 0.235 15.8% 0.47 15.5% 0.567 22.34% 0.333 20.7% 0.764 38.2% 0.409 16.5% 0.523 21.31%
SnapKV 0.872 9.6% 0.285 16.22% 0.51 16% 0.5 1.79% 0.2 1.8% 0.44 2.79% 0.293 8.2% 0.443 8.06%

Quest 0.866 20.4% 0.24 16.02% 0.48 15.8% 0.6 20.98% 0.333 25% 0.5 39.9% 0.561 13.8% 0.511 21.7%
ReasonCache 0.969 21.5% 0.36 16.51% 0.61 15.9% 0.7 21.18% 0.5 23.2% 0.918 39.1% 0.607 15.54% 0.665 21.85%

Dense 0.982 0% 0.375 0% 0.62 0% 0.733 0% 0.533 0% 0.927 0% 0.631 0% 0.686 0%

QwQ 32B

StreamingLLM 0.799 21.7% 0.282 16.51% 0.49 17.3% 0.567 20.3% 0.367 20.6% 0.672 29.7% 0.530 17.5% 0.523 20.52%
SnapKV 0.756 6.2% 0.32 15.7% 0.61 15.5% 0.1 1% 0.233 1.43% 0.176 1.55% 0.146 4.27% 0.334 6.52%

Quest 0.915 20.8% 0.36 15.82% 0.56 17.8% 0.666 25.1% 0.533 23.5% 0.506 28% 0.535 18.1% 0.582 21.30%
ReasonCache 0.972 22.1% 0.41 16.12% 0.652 18.1% 0.733 23.41% 0.633 23.1% 0.872 26.89% 0.581 18.12% 0.693 21.12%

Dense 0.968 0% 0.45 0% 0.648 0% 0.766 0% 0.633 0% 0.894 0% 0.611 0% 0.71 0%

Phi 4
reasoning

plus

StreamingLLM 0.812 14.8% 0.278 14.8% 0.45 13.4% 0.567 16.6% 0.367 17% 0.522 23% 0.333 18.9% 0.476 16.93%
SnapKV 0.793 11.5% 0.292 15.5% 0.47 13.7% 0.2 2.56% 0.166 3% 0.146 4.76% 0.253 7.29% 0.331 8.33%

Quest 0.854 15.3% 0.29 15.75% 0.47 13.6% 0.567 18.5% 0.433 17.7% 0.518 21% 0.312 17.8% 0.478 17.09%
ReasonCache 0.945 16.8% 0.4 16.2% 0.61 14.2% 0.8 16.4% 0.633 17.2% 0.903 21.41% 0.508 17.6% 0.686 17.12%

Dense 0.933 0% 0.43 0% 0.635 0% 0.8 0% 0.677 0% 0.893 0% 0.520 0% 0.698 0%

TABLE III: Ablation study on different configurations of ReasonCache, comparing their accuracy and throughput (tokens/s).

Code Multi-doc QA Summarization Math Science

Model Setting HumanEval HotpotQA TREC MATH 500 GPQA Diamond Avg
Acc

Avg
throughput

Acc throughput Acc throughput Acc throughput Acc throughput Acc throughput

DeepSeek R1
Distill

Qwen 32B

Ours w/ only Cos 0.902 277.99 0.31 572.21 0.535 436.21 0.78 223.68 0.505 214.21 0.606 344.86
Ours w/ only Cos+AST 0.933 255.85 0.31 570.64 0.53 439.35 0.822 210.06 0.556 198.23 0.63 334.83

Ours 0.969 246.01 0.36 542.43 0.61 416.84 0.918 194.5 0.607 176.21 0.692 315.198

QwQ 32B
Ours w/ only Cos 0.915 216.74 0.375 440.28 0.585 303.82 0.752 181.25 0.48 142.12 0.621 256.84

Ours w/ only Cos+AST 0.939 201.26 0.375 444.39 0.59 301.39 0.8 167.54 0.532 133.46 0.647 249.61
Ours 0.972 193.52 0.41 423.23 0.652 287.59 0.872 152.31 0.581 125.67 0.697 236.464

Phi 4
reasoning

plus

Ours w/ only Cos 0.884 375.55 0.365 728.21 0.54 578.92 0.792 430.24 0.404 278.12 0.597 478.21
Ours w/ only Cos+AST 0.939 358.63 0.37 730.67 0.54 580.78 0.85 412.32 0.449 252.52 0.63 466.98

Ours 0.945 338.33 0.4 695.88 0.61 556.84 0.903 384.21 0.508 243.22 0.673 443.696
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Fig. 7: Comparison of dynamic and fixed thresholding.

Impact of threshold: Figure 7 shows our dynamic threshold
τ consistently outperforms fixed thresholds. Table IV further
indicates PAT with p = 80 provides the optimal accuracy–
throughput balance across all models and datasets.

V. RELATED WORK

Existing KV cache management falls into three categories:
eviction (H2O [15], SnapKV [17], StreamingLLM [16],
Lethe [18], RLKV [20]), selective loading (Quest [21]), and
merging (MiniCache [22], D2O [23]). All rely on attention
sparsity to estimate token importance. However, eviction is
irreversible [37], selective loading retains memory footprint,
and merging risks hallucinations from inaccurate importance

TABLE IV: Performance comparison of different percentile
values (p) for Percentile-based Adaptive Thresholding (PAT).

Model Threshold HumanEval TREC MATH 500
Acc throughput Acc throughput Acc throughput

DeepSeek R1
Distill

Qwen 32B

PAT-p=20 0.97 192.12 0.6 322.2 0.924 121.89
PAT-p=50 0.957 212.34 0.605 352.13 0.922 149.21
PAT-p=80 0.969 246.01 0.61 416.84 0.918 194.5
PAT-p=100 0.933 255.85 0.53 439.35 0.822 210.06

QwQ-32B

PAT-p=20 0.97 132.89 0.645 215.27 0.878 101.23
PAT-p=50 0.976 158.35 0.655 248.28 0.868 123.37
PAT-p=80 0.972 193.52 0.652 287.59 0.872 152.31
PAT-p=100 0.939 201.26 0.59 301.39 0.8 167.54

Phi 4
reasoning

plus

PAT-p=20 0.951 261.23 0.635 412.3 0.893 310.2
PAT-p=50 0.948 295.71 0.62 478.21 0.896 342.3
PAT-p=80 0.945 338.33 0.61 556.84 0.903 384.21
PAT-p=100 0.939 358.63 0.54 580.78 0.85 412.32

prediction [38]. ReasonCache fundamentally differs by iden-
tifying reusable KV blocks through similarity rather than
sparsity.

VI. CONCLUSION

We present ReasonCache, a novel KV cache management
approach that efficiently identifies and reuses similar KV cache
blocks. Comprehensive evaluations show that ReasonCache
achieves a peak throughput improvement of 89.2% and an



average gain of 40-60%, while reducing KV cache memory
usage by 17-21%, all without compromising accuracy.
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